Abstract-Compared to individual-level analysis, communitylevel analysis provides a new perspective to inspect network structure. It focuses on modeling the evolving relationships between communities. Intuitively, community-level analysis is a generalization of individual-level analysis. It reflects a macroscopic evolution of a network and reduces the overfitting of individual analysis to some degree. In this paper, we investigate the co-authorship characteristics between different affiliations in academic social networks and then adopt the weighted multigraph model to establish the coauthorships between communities. Subsequently, we define the Co-authorship Factor (CF) for each pair of communities and then propose the modified Shannon Co-authorship Diversity Index (SCDI) and Renyi Coauthorship Diversity Index (RCDI) to measure the diversity of co-authorship ecosystem of a certain community. Finally, we apply the Granger causality to model the mutual co-authorship influences between communities along time. We verify our proposed indexes on real dataset which is mainly based on the DBLP and Microsoft Academic Graph (MAG) datasets.
INTRODUCTION
Networks are ubiquitous everywhere in the world. People are connected to each other by certain relationships, such as friends, family, colleagues, or relatives, etc. Correspondingly, different people can be distinguished into distinct groups or communities according to certain attributes or relationships. In more general sense, every connected object can be regarded as an entity in a network, and each entity may belong to one or more communities. Plenty Recently, community-level analysis in social networks has shown new characteristics and drawn consistent interests from scholars. For instance, in order to analyze community level temporal information diffusion process, (Hu et al. 2015) introduces a unified latent framework to model topics and communities, and then extracts inter-community influence dynamics. Similarly, (Mehmood et al. 2013 ) proposes a novel information propagation model generalizing the classic Independent Cascade model to deal with communitylevel social influence analysis, and thus provides new influence patterns in large scale social networks. In this paper, we apply the community-level influence analysis to academic social networks. Specifically, the academic network involves an enormous number of scholars around the world and countless scientific literatures in every year. Therefore, it is essential to build a citation network between papers (Chen and Redner 2010; Dawson et al. 2014 ; Kajikawa et al. 2007 )and scholar social network between researchers (tangjie). However, although there have been works dealing with the construction of academic networks and academic community detection (Tang, Zhang, and Yao 2007; Tang et al. 2008) , few have investigated the relationship and influence between academic communities. (Chikhaoui, Chiazzaro, and Wang 2015) studies the citation influence evolution between different conferences in the field of Artificial Intelligence and Data Mining. Inspired by that, we study the co-authorship evolution between scholars in different academic affiliations. Based on the co-authorship statistics, we then propose an index to measure the diversity of research ecosystem of a certain affiliation. Finally, we present the Granger causality to model the evolution of mutual influence between two communities. Our contributions are summarized as follows:

Proposing community-level influence model to analyze the academic co-authorships between different affiliations.
Presenting different indexes to measure the diversity of academic ecosystem in terms of inter-community and intra-community co-authorships . Fig. 1 Illustration of co-authorship between two different communities, i.e., affiliations. Each affiliation has self-coauthorships(i.e., co-authorships between authors in the same affiliation) and non-self-co-authorships (i.e., coauthorships between authors in different affiliations).
The rest of the paper is organized as follows: In Section 2, we introduce the related work. In Section 3, we propose the problem formulation in terms of weighted multigragh model, and then we analyze the co-authorship between communities and present different indexes to measure the diversity of academic ecosystem for different academic communities. Subsequently, we propose the Granger causality test to analyze the evolution of co-authorship. The experimental results based on real academic social networks are presented in Section 4. Finally, the paper is concluded in Section 5.
II. RELATED WORK

A. Community Level Influence Analysis
With the rapid growth of data volume, community detection has become an important task in AI research. It aims to distinguish data into groups by similar attributes or features. The data in the same community normally either share common properties or have closer relations to each other. Correspondingly, the community detection methods include detection by data source attributes or by data interaction features (Lancichinetti and Fortunato 2009 ). For that reason, the community detection issue can be treated as finding subgraphs with certain network structure patterns (Fortunato 2010) . In contrast to individual analysis, the research of a community shows collective alteration of a group of correlated data. Given the ever growing volume of big data, communitylevel data mining becomes more necessary and also more rational. For example, with the growth of population, it is more reasonable to analyze the life habit, citizen behavior or economical development in a certain district such as a city or a county because of geographical influence. Similarly, when investigating the citation influence of academic literatures, researchers currently are studying conference-level or topiclevel citation influence (Chikhaoui, Chiazzaro, and Wang 2015; Liu et al. 2010 ), which generates a macroscopic vision of academic development of a target cluster. Intuitively, community-level influence analysis manifests generalized characteristics of objects and avoids individual overfitting to some degree.
B. Academic Co-authorship Networks
In academia, scholars all around the world cooperate with others in research and publish scientific literatures together. We consider two authors have an co-authorship if they appear in the same paper. Therefore, we will have a coauthorship network that connects authors together. There have been works analyzing the co-authorship networks, research community detection and author productivity and so on (Glanzel and Schubert 2004; Liu et al. 2005) . It is impor-¨ tant to discover the information in co-authorship networks.
C. Diversity Index
A diversity index is a measurement that quantifies two aspects of a specific dataset. Firstly, it manifests the number of types of data in a dataset. Secondly, it simultaneously takes into account how evenly every type of data is distributed. Moreover, the value of a diversity index increases both when the number of types increases and when the evenness of distribution of each type increases. Furthermore, when the number of types is fixed, the value of a diversity index is maximized when all types are equally allocated. In the context of our work, given an academic community, the diversity index indicates the number of communities it coauthors with and the evenness of cooperation with these communities. The value of diversity index provides certain insights of the community's academic influence in a specific research area such as Computer Science.
D. Granger Causality
The Granger causality, first proposed in (Granger 1969) , is a statistical hypothesis test to investigate whether one time series helps to predict another one. Specifically, if one time series T1 makes the prediction of another time series T2 more accurate, i.e., T1 can provide useful information in predicting future value of T2, then we define that T1 Granger causes T2. Granger causality is first presented in the field of economics and then extended to various areas attributed to its computational simplicity and robustness (Ioannis, David, and Wan ). In our paper, we adopt the Granger causality to analyze the mutual influences of the co-authorship time series between two communities.
III. PROBLEM FORMULATION
In this section, we first present a weighted multigraph model to establish community-level coauthoring relationship among different affiliations. Then we propose several measurements to quantify the contribution of one community to another in terms of co-authorship counts. Based on the proposed measurements, we then propose the modified Shannon Co-authorship Diversity Index (SCDI) and Renyi´ Co-authorship Diversity Index (RCDI) to scale the diversity of co-authorship ecosystem of a community. Subsequently, we present another index named Balance Index (BI) to quantify the balance between internal connections and external cooperations for a certain community in terms of coauthorship. Finally, we use the Granger causality to analyze the potential reciprocal contributions between communities. Hopefully, these can provide some insights for universities to adjust their academic strategies.
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A. Weighted multigraph
Since different authors in an affiliation may coauthor with different authors from another affiliation or the same affiliation in different publication years, thus, there will be multiple edges between a pair of affiliations. Given the characteristics of coauthorship networks, we need a graph that is able to capture multiple co-authorships between a pair of communities. For that reason, we propose the weighted multigraph to manifest the co-authorship network.
Mathematically, we use G = (V,E,Y,W) to denote the weighted multigraph, where V represents the set of nodes (i.e., affiliations), E represents the set of edges indicating the existence of co-authorship between different nodes, Y represents the publication year of the coauthored literature, and W is the weight function of a certain edge e.
Given a certain publication year, each affiliation will have a co-authorship vector with the other ones. Since coauthorships between authors are mutual, the edges between a pair of affiliations are indirected. Nevertheless, different affiliations may have distinct cooperation affiliations, thus the weight of each edge is different. For that reason, we define the following measurements to distinguish the co-authorship weights of different affiliations.
First we propose the Co-authorship Factor (CF) for a node u, which is defined as ,
where Nu, v is the number of co-authorships between all the authors in community u and v in time yi, and Nu(yi) is the total number of co-authorships of all the authors in community u in time yi. CF(u → v,yi) indicates the contribution of community v to the research of community u in a specific field in a given year. Naturally, we can divide all the coauthorships of community u into two parts: co-authorships with authors inside and outside community u. Accordingly, we propose the Self-Co-authorship Index (SCI) and NonSelf-Co-authorship Index (NSCI) as following where Vu is the set of communities that u has coauthorships with in time yi.
B. Co-authorship Diversity Index
A diversity index provides intuitive knowledge of the coauthorship ecosystem of a community. Specifically, it both reflects the number of different communities it coauthors with and meanwhile takes into account the evenness of these coauthorships.
According to (Jost 2006) , the generalized co-authorship diversity index can be defined as , (4) where Mq−1 is the weighted mean of the proportions of coauthored communities. q is the order of the diversity. Based on the generalized diversity equation, we subsequently present the following two specific co-authorship indexes.
Shannon Co-authorship Diversity Index (SCDI) According to the definition of Shannon entropy in information theory and its application to measure diversity (Jost 2006 ), we propose a new measurement to calculate the diversity of co-authorship ecosystem of a certain community. Specifically, the diversity of ecosystem is high when a community has co-authorships with multiple communities and the weights of co-authorships with different communities are close to each other. Intuitively, we claim a community has diverse academic ecosystem when it builds a wide variety of connections with various communities and meanwhile, maintains its own academic strength. Inspired by that, we present the Shannon Coauthorship Diversity Index (SCDI) of a community u at time yi as
where
The value of SCDI of community u achieves its maximum when u has equal Coauthorship Factors with all the communities it coauthors with, including itself. In this case, we claim that community u has the optimal diversity of co-authorship ecosystem in a specific research area.
Renyi Co-authorship Diversity Index (RCDI)´ Renyi entropy is regarded as a generalization of the Shannon entropy by assigning different values to the diversity order q. (Jost 2006) . The general definition is given by For simplicity, we assign the diversity order q = 2, and then we have the Renyi Co-authorship Diversity Index (RCDI):´ Balance Index (BI) Furthermore, in order to measure the balance degree between the internal connections and external cooperations of a community, we propose a simplified coauthorship diversity index named Balance Index (BI), which is defined as following BIu(yi) = −SCIu(yi) ln SCIu(yi)−NSCIu(yi) ln NSCIu(yi).
(8)
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C. Granger Causality
In addition to the static diversity analysis, we are also interested in the dynamic evolution of co-authorship between communities, which exhibits the development of mutual influences between communities. Based on the above analysis, the co-authorship between two communities can be formulated as a problem of time series evolution. Specifically, for community u and v, we have two stationary time series CF(u → v,y),y ∈ Y and CF(v → u,y),y ∈ Y . Intuitively, we conjecture that these two time series are correlated to each other to some degree. In order to analyze how one time series can impact the other one, in this section, we propose the Granger Causality model as the assessment.
In the following, we present both the null hypothesis H0 and hypothesis H1:
where L is the maximal time lag for autoregression, m and n are the shortest and longest lag length for which the past values of CF(v → u,y) provide significant explanatory power to the regression, al and bl are the regression variable coefficients, and are the independent and identically distributed residual variables.
According to the definition of Granger causality, if model H1 achieves better performances than model H0, then we claim that CF(v → u,y) Granger-causes CF(u → v,y).
IV. EXPERIMENTAL RESULTS
A. Dataset
In the experimental section, we obtain important statistical results from our dataset which is a combination of the DBLP and Microsoft Academic Graph (MAG) datasets. Our dataset contains approximately 126,000,000 scientific literatures and 114,000,000 authors in the field of Computer Science from 1900 to 2016, including information of the authors in each literature. Based on this dataset, without loss of generality, we choose 10 representative academic affiliations to conduct our experiments, half of which are from US and the other half from China. In this case, the diversity of affiliations can be guaranteed with both national and international universities included. Moreover, we choose all the 10 affiliations from US News Ranking (usn 2016) which is publicly recognized. Basically we choose one out of every five affiliations. The selected 10 affiliations are as follows: Massachusetts Institute of Technology (MIT), California Institute of Technology (CIT), University of Illinois at UrbanaChampaign (UIUC), Columbia University (CU), Duke University (DU), Shanghai Jiao Tong University (SJTU), Tsinghua University (THU), Nanjing University (NJU), University of Science and Technology of China (USTC) and Fudan University (FU). In each affiliation, we select the first 3000 authors with the highest citations. Table 1 , 2, and 3 are statistical co-authorship counts between any two affiliations from 2012- 16, respectively. In the experiment, we analyze the total coauthorship counts in 5 years instead of a single year so that the statistics can be regarded as stationary time series. From the tables, we can have an intuitive knowledge of the co-authorship evolution in these fifteen years in the field of Computer Science.
B. Statistics
For instance, in Table 1 , we can see that there are coauthorships between all the affiliations. Basically, an affiliation has the highest co-authorship counts with itself except for the case of MIT and CIT. It is normal to have high co-authorships with authors within the same affiliation since they belong to the same community and naturally have more interactions with each other. However, it seems that MIT and CIT have extremely frequent academic cooperations in year 2012-2016, with a total co-authorship counts of 17892, which is approximately twice the number of selfco-authorship counts. Figure 2 shows the number of total co-authorship, which maintains increasing with time. In addition, MIT has the highest increase in total and UIUC has the lowest by contrast. It is also noticeable that THU almost has the highest coauthorship counts in all three time intervals, which possibly indicates that THU is the most active community of the ten in 15 years from 2002-2016 in Computer Science. Figure 3 shows an example of the co-authorship relationship between UIUC and another three communities. Each edge in this figure represents the contribution of a community to UIUC in terms of co-authorship frequencies. For example, the connection (2007-11,0.105) between UIUC and MIT represents that in 2007-11, the proportion of coauthorships with MIT accounts for approximate 10.5% of all the co-authorships of UIUC, i.e., the contribution of MIT to UIUC is 0.105. Figure 4 shows the proposed Shannon Co-authorship Diversity Index (SCDI) for each community between 200206, 2007-11, and 2012-16 respectively. We can see that for every community, there is an increase in SCDI along time, indicating that the entire co-authorship ecosystem becomes more and more diverse than past years. Probably it is attributed to the development of communication technology and higher degree of globalization which facilitates the cooperations between communities around the world and thus contributes to more frequent interactions.
C. Co-authorship Diversity Index
Moreover, universities from US generally have higher increasing rates than those from China. The explanation of this phenomena may be that with more and more researchers or potential researchers in China going to US for higher degree or research cooperation, US researchers become active instead of being passive in academic cooperations with China.
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More generally, it is a process of resource re-allocation between resourceful communities and resourceless ones and the result is becoming more homogeneous. Figure 5 shows the proposed Renyi Co-authorship Di-´ versity Index (RCDI). From (7) we know RCDI is a measurement of diversity with order 2. The experimental results show similar characteristics with SCDI. Figure 6 is the Balance Index (BI) of communities. BI is the measurement of balance between self-co-authorship and non-selfco-authorship, indicating the ratio of internal and external cooperations of communities. From the figure, we can see that, different from SCDI and RCDI, BI is not increasing monotonically with time. Some communities such as NJU and USTC have the opposite trend with monotonically decreasing value of BI. This may be caused by higher ratio of co-authorships with the other communities and relatively lower ratio of self-co-authorships. However, for most communities, such as MIT, CIT, UIUC, CU, DU, SJTU, THU and FU, the value of BI reaches highest in 2007-11 and falls lower in 2012-16. Probably the phenomena results from the process of globalization. The balance is obtained and then lost with international cooperations increasing from a lower level. Hopefully, in the next phase, the balance can be regained with self-co-authorship and non-self-co-authorship levels become close to each other. Furthermore, BI also provides information for academic affiliations to make adjustments on their research strategy, i.e., either strengthening internal connections or seeking for external cooperations.
D. Granger Causality Analysis
In order to analyze the influence of co-authorship between two communities. We use the Granger Sargent test (Granger 1969) to determine the direction of contribution between communities. The test is given by ,
where RSSi is the residual sum of squares under model Hi,i = 0,1 as defined in Eq. (9) and (10) . L and n−2L are the degree of freedom for each model. The null hypothesis H0 is rejected if the F − statistic calculated from the data is greater than a threshold. In order to analyze the direction of contribution, we calculate the reciprocal F − statistic between a pair of communities and reject H0 with higher F − statistic and lower false probability.
We extract the data of CF(u → v) for each year from 2006-2016 between MIT, UIUC, SJTU and THU. Then we calculate the F-statistic and probability for each pair. The results are shown in Table 4 . For example, MIT −to→ UIUC represents the ratio of the contribution to UIUC by MIT in terms of coauthorship counts. From the table, we can see that MIT −to→ UIUC has higher F-statistic than UIUC −to→ MIT. Thus, there is a higher probability that MIT contributes to UIUC more than the opposite. The results only show an specific perspective of analyzing the direction of contribution between communities and can only be viewed as a reference. 
V. CONCLUSION
In this paper, we study the co-authorship evolution at community level in academic social networks. First, we model the co-authorships between different research communities with weighted multigraph. Then we propose indices for intracommunity and inter-community co-authorships. Subsequently, in order to quantify the diversity of co-authorship ecosystem of a certain community, we present the modified Shannon Coauthorship Diversity Index (SCDI) and Renyi Co-authorship Diversity Index (RCDI) to scale both´ the quantity and evenness of coauthored communities. In addition, we also analyze the evolution of co-authorship time series and use the Granger causality to examine the recip-Shannon Co−authorship Diversity Index (SCDI) Rocal influences between each other. Finally, we verify our proposed indices on our co-authorship dataset which is a combination of the DBLP and MAG datasets. In the future work, we intend to incorporate authors from the cited papers and calculate a weighted co-authorship index for each community and justify our results on more datasets in different research areas. 
